Random regression models (RRM) are used extensively for genomic inference and prediction 30 of time-valued traits in animal breeding, but only recently have been used in plant systems. 31 High-throughput phenotyping (HTP) platforms provide a powerful means to collect high- 32 dimensional phenotypes throughout the growing season for large populations. However, to 33 date, selection of an appropriate statistical genomic framework to integrate multiple temporal 34 traits for genomic prediction in plants remains unexplored. Here, we demonstrate the utility 35 of a multi-trait RRM (MT-RRM) for genomic prediction of daily water usage (WU) in rice 36 (Oryza sativa) through joint modeling with shoot biomass (projected shoot area, PSA).
Phenotypic data 150
Beginning at 13 DAT all plants were phenotyped daily for shoot biomass and WU using the 151 automated greenhouse system, and each plant was imaged daily over a period of 20 days 152 using a visible (red-green-blue / RGB) camera (Basler Pilot piA240012 gc, Ahrensburg, 153 Germany). For each plant, three images were taken in each recording day: two side-view 154 angles separated by 90 degree and a single top view. Plant pixels were extracted from RGB 155 images using the LemnaGrid software, and the plant pixels from the three images were 156 summed to obtain a digital measure of shoot biomass. We refer to this metric as PSA.
rice diversity panel website (http://www.ricediversity.org/). SNPs with call rate ≤ 0.95 and 173 minor allele frequency ≤ 0.05 were removed. Missing genotypes were imputed using Beagle 174 software version 3.3.2 (Browning and Browning, 2007) following Momen et al. (2019b) . A 175 total of 34, 993 SNPs remained for downstream analyses. 
where y jt is the BLUE of jth accession for WU at time point t, b k is the kth fixed Legendre regression coefficients for overall mean, u jk is the kth random regression coefficients for additive genetic effect, p jk is the kth random regression coefficients for permanent environmental effect, e jt is the vector of residuals, and φ(t) jk is a time covariate coefficient defined by a kth Legendre polynomial evaluated at time point t belonging to the jth accession. The permanent environmental effect captures constant environmental factors that affect the successive records of an accession throughout the time course (Mrode, 2014) . We set quadratic Legendre polynomials of all the effects,based on the results of Momen et al.
(2019a) which investigated the prediction accuracy of PSA using ST-RRM. The first order of the Legendre polynomial (i.e., an intercept) was standardized to 1 (Gengler et al., 1999) .
In matrix notation, the model is given by
where y is the vector of observations for WU, b is the vector of fixed effect, u is the vector of random additive genetic effect, p is the vector of random permanent environmental effect, e is the vector of random residual effect, and X, Z, and Q are corresponding incidence matrices. The covariance structures were defined as the following.
where G is a genomic relationship matrix calculated by WW /m according to VanRaden (2008), W is a centered and scaled matrix, m is the number of SNPs, I is an identity matrix, C and D are covariance matrices of additive genetic and permanent environmental effects,
R is a diagonal matrix of heterogeneous residual variance at each time period, and ⊗ is the Kronecker product. The covariance matrices C and D are defined as follows.
where v k u and v k p are the variance components of kth order random regression coefficients 178 for additive genetic and permanent environment effects, respectively, and v kl u and v kl p are the 179 covariances between kth and lth order random regression coefficients for additive genetic and 180 permanent environmental effects, respectively.
181
For MT-RRM, the ST-RRM for WU described above is expanded to include PSA information as follows.
where subscripts 1 and 2 refer to WU and PSA, respectively. The covariance structures of C and D were also expanded as follows.
where C 1 and C 2 (D 1 and D 2 ) are 3×3 variance-covariance submatrices of random regression 183 coefficients for each trait and C 12 (D 12 ) is a 3 × 3 covariance submatrix of random regression 184 coefficients between the traits. Thus, the whole C and D matrices take the form
where v k u 1 and v k p 1 (v k u 2 and v k p 2 ) are variance components of kth order random regression coefficients for additive genetic and permanent environment terms for WU (PSA), v kl u 1 and v kl p 1 (v kl u 2 and v kl p 2 ) are covariances between kth and lth order random regression coefficients for additive genetic or permanent environmental effects within WU (PSA), and v kl u 12 and v kl p 12 are covariances between kth and lth order random regression coefficients for additive genetic and permanent environmental effects between WU and PSA, respectively. As with ST-RRM, we assumed the residual variance for each day of imaging was unique. Thus, a heterogeneous residual variance structure was used for MT-RRM. The matrix of residual variance at time t (R * (t) ) is presented as:
where v e 1(t) and v e 2(t) are residual variances for WU and PSA, respectively, and v e 12(t) (v e 21(t) ) 186 is the residual covariance between WU and PSA at time point t.
187
Estimation of genomic correlation at each time point
188
Genomic correlation between WU and PSA at each time point from MT-RRM was computed as follows. 
